, which provides in-kind transfers to low-income Americans, cause female participants to become obese? This question is particularly important because participants are substantially more likely to be obese than are nonparticipants. This paper estimates the effects of food stamp benefits on obesity, overweight and body mass index (BMI) of low-income women. Contrary to previous results, we find little evidence that the FSP causes obesity, overweight or higher BMI. Our analysis differs from previous research in three aspects. First, we exploit a rich longitudinal data set, the National Longitudinal Survey of Youth 1979, to distinguish between full-time and part-time participation. Second, instead of making parametric assumptions on outcomes, we employ a variety of difference-in-difference matching estimators to control for selection bias.
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Introduction
Obesity has become one of the most serious public health problems in the United States, causing more than 400,000 premature deaths and over $100 billion in economic losses annually. 1 In particular, low-income women 2 have an even higher obesity rate (43%) than the rest of the population. The high prevalence of obesity in low-income women has raised the question of whether or not the Food Stamp Program (FSP), 3 which provides food to low-income households, has contributed to this serious health problem. This paper uses a new definition of FSP participation and employs a difference-in-difference (DID) propensity score matching (PSM) technique to estimate the effects of receiving food stamp benefits (conditional on all other cash income) on obesity and body mass index (BMI) 4 for female participants.
The FSP was designed to provide a nutritional safety net for low-income households.
Currently, the FSP is the largest federal food assistance program, providing over $37.5 billion transfers to about 31.6 million people in 2008. Both the income effect and the restriction to only food purchases with food stamps could increase food consumption and levels of energy intake (Fraker et al., 1995; Whitmore, 2002) . The administrative practice of distributing food stamps once a month is linked to ups and downs of calorie intake (Shapiro, 2005; Wilde and Ranney, 2000) , causing human body to reserve energy and increase BMI (Kendall et al., 1996; Townsend et al., 2001) . Previous studies have found that the FSP is associated with obesity among low-income women (e.g. Chen et al., 2005; Gibson, 2003) . However, the positive correlation between obesity and FSP participants could reflect that female 1 Source: National Institutes of Health: National Institute of Diabetes, Digestive and Kidney Diseases. "Statistics Related to Overweight and Obesity: The Economic Costs." December 2004. 2 Family income is lower than the federal poverty level. 3 As of Oct. 1, 2008, Supplemental Nutrition Assistance Program (SNAP) is the new name for the federal Food Stamp Program. 4 Body Mass Index is calculated as the ratio of the weight in kilograms to height in meters squared. It is a measurement of body fat for adults. According to the World Health Organization, a BMI of less than 18.5 is considered underweight and a BMI of greater than 25 (30) is considered overweight (obese). participants were initially more obese. In addition, previous research has failed to distinguish between different types of participants. To identify the causal effects of the FSP on obesity, we need to measure spells of participation carefully and control for selection into the program.
We use a longitudinal data set, National Longitudinal Survey of Youth 1979 (NLSY79), to define a new FSP participation variable that is based on the interviewee's recalled history of monthly program participation. Instead of using the traditional binary dummy variable that indicates whether an individual participated in the past calendar year, we concentrate on individuals who were in the program for the entire year (or full-time participants). This is because all theoretical links between the FSP and obesity indicate that full-time participants are the most intensively treated people and their BMIs are more likely to be affected by the FSP. We separately examine part-time participants who were in the program for less than the entire year.
Potentially, we face a selection bias problem in evaluating the effects of the FSP on obesity. Both obesity and FSP participation may be affected by factors that are unobservable to the econometrician, such as a love for food, food insecurity, depression and so forth. If so, OLS estimates will be biased and inconsistent. In addition, the FSP participation variable may capture the difference in pre-treatment BMI if BMI is a determinant of participation. 5 The NLSY79 shows that the obesity rate of FSP participants is higher before they enter the program than that of eligible nonparticipants. So failing to control for the initial BMI may result in upward biased estimates. The DID PSM method takes advantage of the panel structure of the NLSY79 to control for the pre-treatment BMI by examining the changes in obesity. 3 This study focuses on female FSP participants for three reasons. First, females are the only group for which multiple previous studies show a positive correlation between FSP participation and obesity. Second, using doctor-measured BMI in multiple waves from the National Health and Nutrition Examination Survey, we do not find systematic differences in obesity between male FSP participants and income eligible nonparticipants for all age groups.
Third, the size of the male treatment group consisting of full-time participants is too small to do matching analysis.
Three measures of weight are examined in this paper: obesity, overweight, and BMI. The empirical results show little evidence that full-time or part-time participation causes obesity, overweight, or higher BMI. Given the fact that one of the main purposes of the FSP is to eliminate hunger and increase nutrition intake, we also examine whether the FSP is effective in pushing underweight participants to normal weight. Our results show no evidence that underweight FSP participants are more likely to become normal weight than otherwise similar nonparticipants. The results of this paper suggest that there are other reasons other than the FSP that contribute to obesity in low-income women. This paper has several advantages over previous studies. First, we distinguish between full-time and part-time participants so that the treatment is more clearly defined than in the past. Second, we estimate long-term participation to avoid the possible mean reversion problem in the evaluation of changes in BMI. Third, we take advantage of the panel structure of the NLSY79 to eliminate all time-invariant confounding factors. Fourth, by doing matching, we avoid the possible mistake of imposing specific functional forms of obesity and BMI. Finally, we use multiple matching methods to test the sensitivity of our results and reach the same conclusion.
The remainder of the paper proceeds as follows. Section 2 discusses the hypothetical links between the FSP and obesity and reviews past studies. Section 3 briefly describes the data set. Section 4 presents the econometric method we use for our purpose. Section 5 presents the matching results and various robustness checks. Section 6 concludes.
The Hypothetical Links between the Food Stamp Program and Obesity, and Previous Studies
The FSP was designed to promote food consumption and nutrition intake of low-income Americans by providing in-kind benefits that can be redeemed in authorized stores. 6 Over 67 percent of non-elderly adult participants are women. Figure 1 shows that female FSP participants have much higher obesity rates than eligible nonparticipants among working age women. Facing an obesity epidemic among low-income women, 7 policy-makers and the public are questioning whether the FSP is too successful in boosting food consumption in participants. We first describe how the FSP participation is linked to weight gain. Then we review studies examining the effects of FSP participation on weight gain and obesity for adult female participants.
The Hypothetical Links between the FSP and Obesity
The theoretical relationship between FSP participation and obesity is not clear yet, largely due to missing information regarding energy expenditure. However, there are two hypothetical links between FSP participation and energy intake/food expenditure, which provide partial information to bridge the gap between FSP participation and BMI, and more severely, obesity. First, both the income effect of food stamps and the restriction that food stamps can only be used on food purchases may increase food consumption and levels of 6 Alcoholic drinks, tobacco products, vitamin and medicine, and prepared foods cannot be purchased with food stamps. 7 Compared with the overall population, the low-income females have much higher obesity rate (43% versus 34%). Source: Nutrition and Health Characteristics of Low-Income Populations: Volume I, Food Stamp Program Participants and Nonparticipants. http://www.ers.usda.gov/publications/efan04014-1/efan04014-1.pdf energy intake. Second, the practice that food stamp benefits are provided once a month may be linked to binge eating which leads to weight gain over time. It is possible that none, one or both links play a role in increasing obesity among FSP participants. Examining both links is helpful in understanding the hypothesized connections between FSP participation and obesity.
The income effect of food stamps for inframarginal participants is theoretically intuitive.
Given more resources, the participants will purchase more food (since it is a normal good) and more of other goods. The income effect is illustrated in figure 2(a): consumption allocation moves from A to B. Marginal FSP participants that have a high demand for other goods may be constrained by the restriction of food stamp benefits on food purchases and end up with consuming at the kink point as shown in figure 2(b). 8 The restriction distorts participants' choices and forces them to spend more money on food and thus, consume more food than they otherwise would if they receive an equivalent cash transfer. Fraker et al.
(1995) study several food stamp cash-out experiments that randomly assigned some FSP participants to receive equivalent cash benefits and find that every dollar of food stamps increases food expenditures more than the same amount of cash by 18 to 28 cents. This result does not necessarily lead to excessive calorie intake and obesity because food stamp benefits also allow people to switch to more expensive foods that were previously out of reach.
However, studies show that FSP participants choose high calorie foods, not healthful foods, to meet their caloric needs. Whitmore (2002) studies Alabama and San Diego food stamp cash-out experiments and finds that food stamp recipients are more likely to consume 6 excessive calories (more than twice the Recommended Daily Allowance ) than equivalent cash recipients. 9
The second link between FSP participation and obesity is due to the administrative practice of distributing food stamps once a month. FSP participants might use food stamps as needed and overeat soon after receiving them and restrict their eating later in the month when food stamps are exhausted. Wilde and Ranney (2000) find that compared with the first week, FSP households that only shop once a month reduce their energy intake by 11.6% in the fourth week. Shapiro (2005) also finds that the average calorie intake of FSP participants declines by 10%-15% over the food stamp month. Hastings and Washington (2008) examine household level scanner data and find the same cycle of food purchase for food stamp recipients. They find that this cycle is not related with food variety and food quality. A person's body will adapt to the situation by lowering the metabolism and reserve calories as fat when eating is resumed (Manore et al., 1991) . These chronic ups and downs in food energy intake can gradually lead to weight gain and obesity (Kendall, et al., 1996; Townsend, et al., 2001) .
Both hypotheses explain why the FSP participation might cause weight gain and obesity.
The treatment effects are positively correlated to spells of participation and the amount of food stamp benefits. If food stamps do cause weight gain or obesity, longer spells of participation and bigger benefits will have bigger effects on participants than would shorter spells of participation and smaller benefits. From the NLSY79, we find that households with a longer duration of participation receive a larger amount of benefits per person. Therefore, we focus on full-time participants and only examine part-time participant as a robustness check. 
Past Studies
Ver Ploeg and Ralston (2008) summarize the literature and report that FSP participation is associated with obesity among female adult participants but not among male adult participants. Two studies used panel data and fixed effect model (Baum, 2007; Gibson, 2003) 10 . Both studies find that FSP participation increases the probability of being obese and BMI only for females. The validity of the fixed-effect model depends on an assumption that the unobserved individual characteristics, affecting both BMI and FSP participation, do not change through time. However, this assumption is very strong and does not hold. For example, FSP participants drop out the program very often, which may indicate that the selection bias may not be controlled for by fixed effects. Other studies use instrumental variables to deal with endogeneity of FSP participation (Baum, 2007; Chen, et al., 2005; Meyerhoefer and Pylypchuk, 2008) . Baum (2007) uses households' characteristics that determine program eligibility and state eligibility criteria as instruments. Chen et al. (2005) use non-food expenditures, 11 residential area, and unemployment status as instruments. Meyerhoefer and Pylypchuk (2008) In 1996, the Personal Responsibility and Work Opportunity Reconciliation Act (PRWORA) denied benefits for legal immigrants until they become U.S. citizens. States responded differently to the PWRORA and implemented different alternative state program 10 The results in Gibson (2003) are not technically correct because she creates the income variable by replace the missing values with zeros. 11 Non-food expenditure is clearly endogenous because total income equals the sum of food expenditures and non-food expenditures.
to cushion the sudden shock for legal adult immigrants. Kaushal (2007) estimates a difference-in-difference model to determine the treatment effects of FSP participation on overweight and obesity, and concludes that the FSP is not a cause of obesity and overweight among adult legal immigrants. Although Kaushal's analysis is more convincing than other studies in the literature, the results for legal adult immigrants may not be generalized to native citizens.
The treatment group in the literature is not precisely defined. Each of these papers uses a binary variable for FSP participation. The variable equals 1 if the respondent answers "yes" to the survey question "Did you receive any food stamp benefits in the past calendar year?" Using a dummy for FSP participation is potentially problematic for two reasons. First, FSP participation intensity varies substantially in terms of spell and benefit level. For example, one would expect the effect of eleven-month participation and $3,000 in benefits to be much larger than that of one-month participation and $50 in benefits if there is truly a causal link between FSP participation and obesity. Second, short-term participation, e.g. one or two months, is hardly a convincing cause of the participants' weight gain, since substantial weight gain needs a longer period of time on average.
Data
The NLSY79, collected by Bureau of Labor Statistics, is used in this paper. The data set is a national representative sample of 12,686 young men and women who were 14-22 years old when the data collection began in 1979. The NLSY79 consists of three sub-samples. The cross-sectional sample of 6,111 respondents represents non-institutionalized youth. A supplemental sample of 5,295 respondents oversamples Hispanic, African-American and economically disadvantaged people. We do not use the third subsample, which consists of 1,280 military respondents. Individuals were interviewed annually from 1979 to 1994, and biennially from 1994 to the present.
The NLSY79 has several attractive features for our study. First, the longitudinal structure of the data allows us to track, over time, program participation status and changes in BMI of the same individuals. Second, the dataset includes detailed information about FSP participation so that we could distinguish between full-time participants and part-time participants. Third, the data set is a unique source of wealth and income information. Since the eligibility of FSP depends on both assets and incomes of households, we are able to construct the eligible nonparticipants group precisely. Fourth, the supplement sample increases the sample size of the treatment group and the comparison group. Accuracy of matching estimators increases as the sample size increases. Finally, the data set contains a rich set of demographic characteristics which are potentially correlated with both FSP participation and BMI.
Respondents' body weights were reported in pounds in every interview except 1983 except , 1984 except , 1987 except and 1991 except interviews. Respondents' heights were reported in inches in 1981 except , 1982 except and 1985 In subsequent years, no further height information is reported. We use height reported in 1985 to calculate BMI because all respondents were adults (20 to 28 years old) at the time. We construct our sample using waves from 1985 to 1994 which are before the PRWORA made adjustments to eligibility criteria and benefit levels of the program. The longitudinal structure of the NLSY79 allows us to determine precisely how much respondents' BMIs changed over time and how long they participated in the FSP within certain periods. The information about wealth and income is used to identify eligible nonparticipants. To avoid comparing FSP participants with non-eligible people who have more resources and face no food insecurity problems, we restrict our comparison group to eligible nonparticipants. Later, we use non-eligible people to form a comparison group as a robustness check.
Empirical Strategy
Since the FSP is a national program and varies little across states in terms of benefits and eligibility, the best way to estimate the treatment effects of receiving food stamp benefits on obesity is by comparing FSP participants with eligible nonparticipants. We first utilize the information on wealth, income and program participation in the data set to construct the treatment and comparison groups carefully. Then, we employ the DID PSM estimator, which does not rely on specific parametric assumptions on outcome, to control for selection into the FSP.
Defining the Treatment Group and the Comparison Group
We first examine program participation information of all FSP participants. The data set collects retrospective information about welfare program participation for all survey years.
Respondents were asked to recall past FSP participation month during the interview. The FSP participants are defined as full-time (part-time) participants if they enroll in the program all the time (sometime). We find that the majority of FSP participants are actually part-time participants, a large proportion of whom enrolled in the program for a short period of time and receive a small amount of benefit. For example, full-time participants receive $2,077 per household ($639 per person) on average in survey year 1985-1986, as compared to $990 per household ($323 per person) for part-time participants. According to the discussion in section 2, the value of food stamp benefits and the spell of participation would be positively related to the treatment effects of the FSP on obesity and BMI. Therefore, full-time participants should more likely be affected by the FSP than part-time participants. The FSP is less likely to be responsible for the obesity problem if we do not find a significant positive effect on its full-time participants. Pooling different types of participants makes it harder to interpret the estimates because of the presence of multiple treatments. Our treatment group is defined as full-time FSP participants. In other words, the treatment group is composed of those who are enrolled in the program all the time. Later, as a robustness check, we use part-time participants as a treated group and re-estimate the treatment effects.
Our comparison group consists of eligible nonparticipants. All eligible households have to meet income and asset tests. 12 Information on incomes and assets has been regularly collected in the NLSY79. We use both income and asset tests to determine the eligibility of nonparticipants. First, net household income has to be less than 100% of the federal poverty level. Second, households may have up to $2000 in countable resources (e.g. checking/savings account, cash, stock/bonds). Table 1 presents the pre-intervention characteristics of the treatment group and the comparison group. There is one important distinction in terms of pre-treatment BMI: FSP participants have higher BMIs than eligible nonparticipants even before the treatment. For example, the average BMI of FSP participants is 27.16 which is 2.85 units higher than that of the comparison group for sample of one-year participation. The differences are quite large and statistically significant at 1% level. This indicates that the treatment effects might pick up the pre-treatment differences if econometric methods do not properly control for selection into the program.
Difference-in-Difference Propensity Score Matching
Let 1 Y measure the weight if an individual participates in FSP and 0 Y measure the weight if the individual does not participate in FSP. The treatment effect is the difference 12 between two outcomes: 10 YY  . However, this difference is not observable due to a missing data problem: being in the program (out of the program) reveals 1 Y ( 0 Y ) but conceals the other potential outcome. In a randomized experiment, in which some applicants receive treatment, while similar applicants are denied treatment, a difference-in-difference estimator would give unbiased estimates of the treatment effect of the program on outcome. However, randomly denying applications for food stamps is neither legal nor ethical.
The basic idea of PSM is to impute counterfactual outcome for program participants using non-treated individuals with the same propensity score. 13 Intuitively, comparing two individuals with the same propensity score, one is treated and the other is not, is like comparing those two individuals in a randomized experiment. Matching has several advantages over other nonexperimental evaluation techniques. First, matching does not impose functional form restriction in estimating the conditional expectation of the outcome variable, which is usually not justified neither by economic theory nor by the data used (Dehejia and Wahba, 1998; . Second, matching could impose a common support requirement. The poor overlap in support between the treated and the comparison group raises questions about the robustness of parametric methods relying on functional form to extrapolate outside the common support (Caliendo and Kopeinig, 2008) .
Third, the dimensionality of the observable characteristics is high in our study. Propensity score matching is particularly useful under such circumstances because they provide a weighting mechanism that produces unbiased estimates (Dehejia and Wahba, 1998) .
Theoretically, all PSM estimators should yield the same results asymptotically. As the sample size goes to infinity, different matching algorithms become closer to comparing only exact matches (Smith, 2000) . However, the choice of the matching estimator can be important for small samples . The cross-sectional matching estimators may not get rid of certain systematic differences between participant and nonparticipant outcomes even after conditional on observables. Such differences violate the identification conditions required for matching estimators. We take advantage of the panel structure of our data to implement the DID PSM estimator. The DID PSM estimator defined by and Heckman et al. (1998a) allows for temporally invariant differences in outcomes between participants and nonparticipants. This type of estimator matches on the basis of differences in outcomes and uses the same weighting functions as cross-sectional matching estimators. Let t and t' denote time periods before and after program participation. The DID PSM estimator requires:
where T is an indicator of program participation and   Pr 1 P T X . Let i denote the individual. The sample average treatment effect for treated (SATT) is given by:
where 1 i i NT   and the weights ij w depend on matching algorithm employed.
We apply two widely used matching algorithms to our data set: nearest neighbor matching (NNM) and local linear matching (LLM). The NNM estimator is the most straightforward matching estimator. Every treated unit is compared with one or more units 14 from the comparison group that are most similar in terms of propensity score. 14 It defines the set of matches with replacement 15 as:
where M indicates the number of matches (neighbors), 
where   1  is the indicator function, which equals to 1 when the value in brackets is true, and zero otherwise. We implement this method using one and five nearest neighbors and with replacement. We impose the common support restriction and each match is weighted equally.
The LLM is a generalized version of kernel matching. It uses kernel-weighted average over multiple persons in the comparison group as the counterfactual outcome of the treated observation. Fan (1992) shows that local linear matching converges faster and that it is more robust to different densities of data than kernel matching. The weight of local linear matching is given by: 14 In nearest neighbor matching, the estimator could be biased if the distance between "best" matches are actually far away. The caliper matching estimator puts a tolerance level on maximum propensity score distance so that it can avoid bad matches. We find that NNM matching estimators are very similar to caliper matching estimators for our data set. 15 Replacement means that untreated units can be used more than once as the matches for the treated units.
and h is the bandwidth. We use the Epanechnikov distribution as the kernel function. 16 To test the FSP-obesity hypothesis, we need to estimate the standard errors for the estimators. However, calculating analytical standard errors can be cumbersome. Bootstraping is often used to get standard errors for matching estimators (e.g. Black and Smith, 2004; Sianesi, 2004) . Each bootstrap sample is a random sampling with replacement from the original data set. We draw 500 bootstrap samples and estimate 500 average treatment effects for the treated. The distribution of these means approximates the sampling distribution (and thus the standard error) of the population mean.
Results
The Propensity Score and the Balancing Test
In this paper, the set of baseline matching covariates includes pre-treatment BMI, age, ethnicity, income per person, 17 education level, marital status, number of children, mother's education level, urban/rural residence and a geographical dummy of living in the west. 18 We 16 We also experimented with different distributions such as tricube and normal kernel. The choice of kernel function has very little effect on the performance of LLM estimator. 17 The total net family income variable in the NLSY 79 includes all the income received by the household (e.g. salaries from work, Food Stamp benefits, AFDC payments). The income variable used in matching excludes the food stamp benefits from the total net family income because we are comparing pre-treatment resources between participants and eligible nonparticipants. The income per person variable is calculated by dividing the total net family income (excluding the food stamp benefits) by the number of people in the household. For a detailed discussion of the income variables in the NLSY 79, please refer to http://www.nlsinfo.org/nlsy79/docs/79html/79text/income.htm. 18 No mechanical algorithm or strict rule is available to choose a set of variables that satisfy the identification condition of matching estimators. However, there are three generally agreed rules of thumb about the choice of matching covariates. First, variables that have been affected by the treatment should not be used as matching covariates. One typical example is the middle outcome during the treatment period. Second, not all relevant variables should be matching covariates if the size of the treatment or comparison group is small. Covariates that are not correlated, or weakly correlated with outcomes, and would expect that pre-treatment BMI, age and ethnic characteristics would be correlated with the unobserved biological differences affecting BMI. Educational level would proxy the awareness of nutrition and self-portrait. We would expect per capita income, marital status and number of children to reflect the unobserved information about household's resource and intra-household allocation. We exclude food stamp benefits from the income variable because we are interested in estimating the effects of extra in-kind resources on obesity and BMI.
Geographical variables also enter the equation since they might be correlated with both BMI and decisions of participation.
The propensity score is estimated using a logistic regression of the treatment indicator on the set of covariates. Table 2 reports the logistic estimates for the FSP participation. The PSM uses the propensity score to balance the pre-treatment variables between the treatment group and the comparison group. The first thing to check is the overlap of the propensity score between the treatment group and the comparison group. Lack of overlap can result in imbalance of the pre-treatment variables. For our purpose of estimating the average treatment effects for the treated, imposing common support ensures that the combination of characteristics observed in the treatment group is also observed in the comparison group.
The crucial conditional independence assumption of propensity score matching is not testable. Rosenbaum and Rubin (1983) state that additional information on X should not provide new information about treatment decision conditioning on the propensity score. The basic idea is to compare the characteristics before and after matching and check if significant differences still exist after matching. One practical way of testing the balance property of the treatment indicator may exacerbate the common support problem and result in larger variances (Augurzky and Schmidt, 2001; Imbens, 2004) . Third, after stratifying the sample into subgroups by propensity score, the differences between the treatment group and the comparison group in each subgroup should not be statistically significant. We also match on different sets of variables. Readers may find the results in the appendix.
propensity score is to compare the mean of each matching variable for the treated group with the mean of each variable in the comparison group. Table 3 presents the mean differences between the treatment group and the comparison group before and after matching and the p-values for t-statistics. The results show a clear lack of balance for unmatched samples: 32 of 44 differences are statistically significant. The adjustment for propensity score improves the balance significantly. After adjustment for the propensity score, none of the differences between the treatment group and the comparison group are statistically significant. These low post-matching t-statistics of differences are not merely the result of the increased variance. For example, in 1985-1986 sample mean differences for BMI in 1985 between the treatment group and the comparison group is 1.81 (p-value=0). After adjusting for the propensity score, the difference is reduced to 0.27(p-value=0.65).
Matching Results
Our baseline treatment group consists of full-time FSP participants. And our baseline comparison group includes only eligible nonparticipants. The dependent variables are unconditional differences of outcomes before and after treatment. We estimate both short-term (one year) and long-term (three years) treatment effects of FSP participation on changes in obesity, overweight and BMI. We impose the common support condition 19 on matching because matches off the support could result in substantial bias . The standard errors are based on bootstrap with 500 repetitions and 100% sampling. 19 Common support requires that any combination of characteristics seen among those in the treatment group may also be observed among those in the comparison group. For matching estimators, imposing common support could reduce the bias of estimators.
For NNM, we use 5 and 10 neighbors in the comparison group to match every treated individual. For LLR, we use a fixed bandwidth 0.1 20 and a plug-in rule of thumb bandwidth discussed in Fan and Gijbels (1996) . We first estimate the treatment effects using the whole sample. Then we redo our analysis year by year. 21 We show the results using the whole sample and 1985 as the pre-treatment base year. Results from other years are similar to those of 1985. Table 4 presents estimates of the average treatment effects for FSP participants. For the same outcome variable, the estimates are remarkably consistent across different matching algorithms. We first consider Panel A. Column 1 gives the number of observations used by matching algorithms from the treatment group and the comparison group. Very few observations are off support. Columns 2 to 5 show the estimated treatment effects on changes in obesity. Every estimate is a percent (not a percentage point) representing the difference between the probability of becoming obese for an average FSP participant and that for an average eligible nonparticipant. For example, if the initial obesity rate is 20 percent, an increase of 2 percentage points from 10 percent to 12 percent translates to 20 percent increase. Our estimates are neither statistically nor economically significant for both short-term and long-term treatments. Panel B presents estimates for changes in overweight status and BMI. The estimates for changes in overweight status are also percent. All estimates are either negative or close to zero. None of them is statically significant. The estimated treatment effects on BMI are either negative or too small to be economically significant.
Again, all estimates are statistically insignificant. In summary, the matching results suggest that higher obesity of female FSP participants than eligible nonparticipants is largely due to the fact that participants initially had a bigger BMI. No evidence shows that the FSP is responsible for a higher obesity rate, overweight rate and BMI.
Robustness Check
In this section, we provide a series of robustness analysis for the matching results. 22 First, we experiment with different specifications of the propensity score equation. These alternative specifications will show if the matching results are sensitive to non-linearity of the propensity score equation. Second, we are concerned about the measurement error in self-reported heights and weights in NLSY79. Following Lakdawalla and Philipson (2002) , we address this issue by estimating self-reported error correction equations with data from the National Health and Nutrition Examination Survey III, 23 which has both self-reported and doctor-measured height and weight. Third, we are also concerned that some people in our comparison group were FSP participants before 1985. Including the previous participants in the comparison group could be problematic if the FSP alters the individuals' eating habits, which in turn affect BMI. Fourth, we are also concerned about the fact that most treated people were long-time FSP participants and their BMI might have been affected by the program even before the period that we study in this paper. Fifth, we are also concerned with the assumption PSM makes about treatment assignment. The covariate matching (CVM) estimator is not based on assumptions about either treatment assignment or the relationship between covariates and outcomes. Finally, we use part-time participants as the treatment group and investigate whether or not FSP contributes to obesity among female part-time participants. None of the robustness check results is statistically significant. The results show no evidence that FSP participation causes obesity, overweight and higher BMI.
Concluding Remarks
22 For the sake of briefty, results of robustness checks are not displayed. Readers may find them in the appendix. 23 The National Health and Nutrition Examination Survey III was conducted during the period from 1988-1994, which is most closely related to NLSY79 in terms of timing.
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The exceptional high obesity rate among low-income women has caught the attention of policy makers and the public. Since the purpose of FSP is to increase food consumption of low-income Americans, economists and nutrition scientists begin to hypothesize that the FSP contributes to the obesity problem among low-income women. However, estimating the treatment effects of the FSP on obesity and BMI is a difficult research question for the following reasons. First, there is no controlled random experiment since it is illegal to deny one's application for food stamps randomly. In addition, the FSP eligibility and benefit levels do not vary across regions. Researchers have to find ways to deal with selection bias related to FSP participation in the observational studies. Second, among participants, the duration of participation and the benefit level vary significantly across households. An accurate estimation requires a good measurement of participation. Third, BMI does not change overnight but over a certain period of time the length of which depends on personal characteristics. There are few panel data sets collecting individuals' BMI other than the NLSY79. This paper uses a difference-in-difference propensity score matching technique and the NLSY79 to investigate whether participation in the FSP causes obesity, overweight and higher BMI for its female participants. The NLSY79 is the best available data set for this paper because: (1) The data set includes rich information of body weight over time. We exploit the panel structure to examine the changes in BMI and control for pre-treatment BMI.
(2) The survey collects detailed information about FSP participation. The part-time participants could be distinguished from the full-time participants who are most likely to be affected by the program. (3) The data set has collected wealth and income information which can be used to determine eligibility of the FSP. (4) In addition to BMI and FSP participation, there are many important personal characteristics and environmental variables that are correlated with both FSP participation and BMI in the data set.
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This paper distinguishes full-time participants from part-time participants and focuses on full-time participants rather than treating all FSP participants homogenously. We separately examine those who were in the program for some period of time but not the entire time.
Difference-in-difference matching techniques are employed to control for selection into the program and pre-treatment differences in BMI. This econometric technique can also avoid the possible mistakes of imposing specific functional form on outcome. Three measures of weight are examined in this paper: obesity, overweight, and BMI. The estimates are neither statistically nor economically significant. The results hold for various robustness checks and for both short-term and long-term participation. Our analysis shows that the FSP is not responsible for obesity, overweight or higher BMI among its female participants.
One important question left unaddressed in this paper is how to examine food allocation within a household without treating it as a "black box". Unfortunately, intra-household food consumption information is not available in the NLSY79. As data become available, hopefully our future research will examine caloric distribution among household members. 1985-1986, 1988-1989, 1989-1990, 1992-1993 and 1993-1994. b . This is a stacked sample including subsample of 1985-1988, 1986-1989, 1989-1992, and 1990-1993. c . Body Mass Index before the treatment. d . Education has four levels: (1) less than high school;
(2) high school graduate or equivalent, (3) some college or two year college degree, (4) college graduate or more. maximum monthly benefit levels. The amount of benefits is negatively related with the net family income. 6 Families with lower income and larger family size receive higher benefits. The financial requirements include a gross income limit of 130% of the poverty level, 7 a net income limit of poverty level, and a countable asset limit of $2,000. The maximum monthly food stamp allotments are adjusted by the United States Department of Agriculture (USDA) annually on October 1 st to account for changes in the cost of Thrifty Food Plan (TFP). The thresholds and maximum allotments for fiscal year 2009-2010 are in table 1.
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The program caseload has fluctuated in the past several decades. The caseload fluctuations are largely affected by national economic situation and changes of relevant policies. The caseload rose steadily in 1970s and 1980s and reached its peak of 29 million in 1994. The caseload decreased in the second half of 1990s and increased again after 2000. The FSP served more than 31.6 million people in 2008. 8 The most recent policy affecting the program caseload is the Personal Responsibility and Work Opportunities Reconciliation Act of 1996 (PRWORA). The Act places a time limit on food stamp receipt of three out of 36 months for able-bodied adults without dependents who are not working at least 20 hours a week or participating in a work program.
The FSP is not mutually exclusive with other federal welfare programs. The food stamp recipients can also receive public assistance income, such as Aid to Families with Dependent Children (AFDC) or Temporary Aid to Needy Families (TANF), and Supplementary Security Income (SSI). During the 1980s and 1990s, around 40% FSP participants received AFDC income and around 20% of them received SSI income.
Appendix B: Correction of Self-Reported Height and Weight
One of the potential problems, which could bias my estimates, is measurement error in self-reported height and weight. Although height and weight were reported with small errors on the average, self-reported height and weight suffer from significant errors for important subgroups i.e. underweight people, obese people.
National Health and Nutrition Examination Survey III (NHANES III) is conducted by the National Center for Health Statistics (NCHS) of the Centers for Disease Control and Prevention (CDC). The sample of this survey is national representative. Self-reported height and weight are recorded to the nearest pound and inch in the home survey. The respondents were asked the following questions: "How tall are you without shoes -inches" and "How much do you weigh w/out clothes -lbs". Medical examination data include doctor measured height and weight information. It is so far the best source to study the measurement error of self-reported height and weight for NLSY 79 cohort.
In order to determine how the self-reported BMI is correlated with the true outcome, we first present the scatter plot of self-reported BMI and doctor-measured BMI using the sample including only people between 20 and 37. 9 The plot suggests that doctor measured BMI is a concave function of self-reported BMI.
Reporting errors are supposed to be correlated with some other demographic characteristics except gender such as age, ethnicity, race, education and if living in urban area. The final correction equation for female is: We will use these correction equations and variables of NLSY79 to predict the true BMI for the NLSY79 cohort. 9 I am using 1985-1994 data for my analysis. The NLSY79 cohort was 20-28 when their heights were reported in 1985. They were 29-37 in 1994. Pregnant women are dropped from the sample. 
Appendix C: Robustness Checks
We provide a series of robustness analysis for the matching results. Five confounding factors are discussed and examined carefully. The first experiments with the propensity score equation. The second focuses on measurement error of selfreported BMI. The third uses a different definition of the comparison group. The fourth analysis refines the treatment group by dropping those who had full-time participation experience before our starting point (1985) . Finally, we estimate the treatment effects using covariate matching instead of propensity score matching.
C.1. Different Specifications of the Propensity Score Equation
Estimating the propensity score is the crucial step in implementing matching. The matching estimator is sensitive to choices of the propensity score specification (e.g. . Our results would be less likely to be statistically convincing if they are sensitive to the propensity score specification. Thus, two alternative specifications are used for sensitivity analysis. The first specification adds the interactions between ethnicity and pre-treatment BMI to the original propensity score equation. The second specification adds the second-order terms of non-binary explanatory variables to the original propensity score equation. These alternative specifications will show if the matching results are sensitive to nonlinearity of the propensity score equation. Table 2 presents the estimates with different propensity score specifications.
None of the 72 estimates is statistically or economically significant. Consistent with the baseline specification, both alternative specifications show little evidence that FSP participation has positively affected any of the three outcomes for both short-term and long-term treatment.
C.2. Correct for Self-reported BMI
The third concern is the measurement error in self-reported heights and weights in NLSY79. Self-reported measurement errors are common in survey data.
Researchers have found that self reported weights are directly related to the respondent's overweight status and heights are generally over-reported (Rowland, 1990; Stunkard and Albaum, 1981) . They also found that bias and unreliability increase positively with the magnitude of overweight and age, with overweight females more likely to underreport weight than overweight males. Following Lakdawalla and Philipson (2002) , we address this issue by estimating self-reported error correction equations with data from NHANES III 10 , which has both self-reported and doctor-measured height and weight. Table 3 presents the results using the predicted outcomes rather than self-reported outcomes. None is statistically or economically significant. The results show that FSP participation has no significant positive effects on obesity/overweight/BMI even we adjust the possible underestimation of obesity/overweight/BMI.
C.3. An Alternative Comparison Group
10 NHANES III was conducted during the period from 1988-1994, which is most closely related to NLSY79 in terms of timing.
We are also concerned about our definition of the comparison group. For example, individuals in the comparison group could be FSP participants before 1985. Including the previous participants in the comparison group could be problematic if the FSP alters the individuals' eating habits, which in turn affect BMI. For example, the treatment effects would be underestimated if the FSP causes a binge eating habit and some individuals in the comparison group picked up the habit when they were previously enrolled in the FSP. So the first alternative comparison group consists of individuals who had not participated in the FSP since 1978 11 and lived in poverty in 1985. We are also interested in comparing FSP participants with all other people including high-income Americans.
In Table 4 we re-estimate the treatment effects on all outcomes using two alternative comparison groups and baseline propensity score specification. Compared to the baseline comparison group, the alternative comparison group yields similar treatment effects on all three outcomes. None out of 36 estimates is statistically significant. Our results indicate that DID propensity score matching is robust to various definitions of the comparison group.
C.4. Refining the Treatment Group
We are also concerned about the fact that most treated people were long-time FSP participants and their BMI might have been affected by the program even before the period that we study in this paper. For example, if FSP participants gained weight and 1  is the indicator function, which is equal to 1 when the value in brackets is true and zero otherwise.
The simple matching estimator will be biased in finite samples when the matching is not exact. develop a bias-corrected matching estimator adjusting the difference within the matches for the differences in their covariate values. Although theoretically matching on multidimensional covariates can lead to substantial bias, the matching approach combined with bias adjustment often leads to estimates with little remaining bias.
We re-estimate the short-term and long-term treatment effects using all three comparison groups: baseline comparison group and two alternative comparison groups. The set of covariates include pre-treatment BMI, age, education, ethnicity dummies, family size, per capita income, marital status dummy, urban dummy, and mother's education. The CVM results are presented in Table 6 . None of 54 estimates is statistically significant. The results show no evidence that FSP participation causes obesity, overweight or higher BMI.
C.6. Part-time Participants
To give a complete picture of how participants are affected by FSP, we also investigate the treatment effects of FSP on part-time participants. We apply the baseline control group and the propensity score specification and estimate the treatment effects of FSP on part-time participants. The estimates are presented in table 7. None of the estimates is statistically significant. We also experiment with different propensity score specifications and control groups for all periods. Our results show that the FSP is not responsible for obesity, overweight and higher BMI among parttime participants. 
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